ABSTRACT When the color of the target is similar to the color of the background or illumination of a scene, scale, and shape of the target change significantly, the traditional kernel-correlated filtering (KCF) algorithm often fails to track the target. Therefore, a multi-features fusion target tracking algorithm based on KCF is proposed. The algorithm makes the most of the illumination and rotation invariance of local binary patterns (LBP) feature, the effective capability of extracting color and contour information from the target by color Name (CN) feature and histogram of oriented gradient (HOG) feature, respectively. The multifeatures linear weighted fusion rule is established by calculating the HOG, LBP, and CN histograms of the current frame, and calculating the weighted fusion coefficients of the normalized histograms according to the variance of each histogram adaptively. On this basis, multi-scale sampling is used in the target areas and bilinear interpolation is used to adjust the sample size, which can improve the tracking robustness of the KCF algorithm to adapt to the target scale. The comparison experimental results of 50 video data sets in OTB-2015 show that the average success rate and precision of the proposed algorithm are 24.74% and 8% higher than that of the KCF tracking algorithm, respectively, and also significantly better than the other tracking algorithms ranked top ten in OTB-2015, UAV123, and LaSOT data sets, respectively.
I. INTRODUCTION
Target tracking is the basis of video target recognition and interpretation. Its key point is the accuracy and robustness of tracking algorithm. Kernel-Correlated Filtering (KCF) target tracking algorithm extracts the Histogram of Oriented Gradient (HOG) features of the object observed in the initial frame, constructs a large number of feature samples by cyclic shift, and trains the classifier to predict the target position by using the kernel ridge regression method. It has the characteristics of high accuracy, high speed and high robustness [1] . In recent years, it has become one of the research hotspots in the field of target tracking. However, in practical applications, when the illumination changes significantly, the scene background is close to the target color, the object contour scale changes and the deformation occurs due to the target's rotation, the KCF algorithm relying on a single HOG feature often fails to track
The associate editor coordinating the review of this manuscript and approving it for publication was Sudhakar Radhakrishnan. the target [2] , [3] . Literature [4] has put forward an intensive sampling method, which uses Recursive Least Square (RLS) regularization to train KCF algorithm, namely CSK algorithm. This algorithm takes advantage of cyclic matrix and intensive sampling to accelerate the speed of target tracking algorithm and capture appearance features of the target respectively as much as possible. However, only using the single grey feature, the robustness of the CSK algorithm is also poor.
The literature [5] proposed a target tracking method with adaptive color attributes. It adopts an adaptive variable lowdimensional color Name (CN) features instead of HOG features, which can effectively capture the color features of the target, and the tracking performance is improved. However, when the target contour size changes or the color of target is similar to the color of background, there is still a problem of poor tracking accuracy [3] , [6] , [7] . In view of this, the literature [3] , [6] combines the CN feature with the HOG feature, and the literature [7] combines the hue, saturation and intensity (HIS) feature with the HOG feature. Compared with the literature [5] , the improved method in literature [3] , [6] , [7] improves the tracking performance of KCF algorithm when the target contour size changes and the colors of the target and background are similar. However, the literature [3] , [5] - [7] all don't take the deformation characteristics of the target into account, when the target rotates (or the direction of motion changes frequently), the shape of the target's contour will change significantly, which is also easy to cause tracking failure [8] . The literature [8] proposes a fusion scheme by use HOG feature and LBP feature. In literature [9] - [12] , trackers based on visual tracking have received much attention in the community. Many others tracking algorithms have been proposed in the recent past, such as infrared target tracking method [13] , multi-target tracking method for sequence detection [14] , deep pixel super pixel tracking method [15] , deep feature visual tracking method [16] , gesture recognition tracking method [17] , distance measurement visual tracking method [18] , robustness with least squares method sexual visual tracking methods [19] , and so no. Their performance has been some improvement when target's contour or scene illumination changes obviously changes, but the color characteristics of the target are not taken into account, and the tracking precision needs to be improved further.
In this paper, for improving the tracking precision based on KCF algorithm in complex scenes with obvious illumination changes, similar color of background and target, contour scale deformation due to target rotation, a multi-feature fusion target tracking algorithm based on KCF is proposed. The algorithm makes the most of the illumination and rotation invariance of LBP feature, the effective capability of extracting color and contour information from target by CN feature and HOG feature respectively. The multi-feature linear weighted fusion rule is established by calculating the HOG, LBP and CN histograms of the current frame, and calculating the weighted fusion coefficients of the normalized histograms according to the variance of each histogram adaptively. On this basis, multiscale sampling is used in the target areas and bilinear interpolation is used to adjust the sample size, which can improve the tracking robustness of KCF algorithm to adapt to the target scale.
II. RELATED WORK A. MULTI-FEATURES FUSION
The HOG feature is extracted by calculating and counting the gradient direction histogram of the local region of the image, which is beneficial for capturing the contour of the target [20] . The CN feature [5] , [6] is extracted by converting the RGB of the image into black, blue, brown, grey, green, orange, pink, purple, red, white and yellow in the first place and being trained with Probability Latent Semantic Analysis (PLSA) to obtain the probability of each color element in each spatial unit, also namely color probability dictionary. The CN feature can make full use of the color characteristics of the target, which is conducive to improve the tracking accuracy [3] , [6] .
The LBP texture feature is formed by using the ratio of the center pixel of the 3 × 3 template window to the grey value of each pixel in the field. An 8-bit binary code, as a local texture feature [21] , LBP texture operator has rotation invariance and light resistance, which is beneficial to ensure the accuracy and robustness of target tracking under the condition of obvious illumination change and target deformation [22] , [23] .
Some literatures have shown that [5] - [9] , in complex scenes where the color of target is similar to the color of background, the scene illumination, the target scale and shape change significantly, the KCF algorithm relying on single HOG feature is easy to cause the target lost. Therefore, for enhancing the target tracking accuracy and robustness of KCF algorithm under that complex scene, a new idea, namely multi-feature fusion, is proposed in this paper. The fusion rules with HOG, LBP and CN features are as follows:
where h is the characteristic histogram of the current frame, p hog (p hog ),p lbp (p lbp ) andp cn (p cn ) are the normalized feature histograms (histograms) of the current frames HOG, LBP, and CN feature respectively. p hog is solved by reference [1] , [10] , p cn is solved by reference [3] , [6] . p lbp is solved by the equivalent mode LBP operator of 8 sampling points in the window as reference [12] . Their specific solution process will not be repeated here. In formula (1), w 1 w 2 and w 3 are the adaptive fusion coefficients of the current frame corresponding to HOG, LBP and CN. Since there are three kinds of feature in this paper, each feature is not the same degree of importance, the key problem is how to solve the fusion coefficients as follows:
where σ 2 hog , σ 2 lbp and σ 2 cn are the variances of the current frame p hog histogram, p lbp histogram, and p cn histogram respectively. This paper uses a Gaussian kernel function, it is as follows:
B. ADAPTIVE TARGET AREA ADJUSTMENT
Because the KCF algorithm cannot adapt well to target scale changing, learning from literature [6] , a scale-adaptive method is proposed in this paper. The target template size is fixed as s T = (s x , s y ), and the target area is multi-scale sampled to as a scale pool S = {t 1 , t 2 , . . . , t k }, and bilinear interpolation method is used to adjust the sample size as a fixed value s T . The specific process is as follows: assuming that the size of initial frame target is s t , for the current frame, extracting k samples at different scales in the range {t i s t |t i ∈ S} to find the appropriate target, where t i is the scale factor. After adjusting to fixed the size s T by bilinear interpolation, the final response is:
where the size of the sample z t i is t i s t , and its size needs to be adjusted to s T and F −1 represents the inverse Fourier transform.
C. MULTI-FEATURES FUSION KCF ALGORITHM
The multi-feature fusion KCF algorithm is summarized as follows:
Step1: Via selecting target to be tracked, intensive sampling and extracting HOG histogram from the initial frame, cycle shifting the extracted reference samples, a large number of positive and negative samples appear, then the filter model is obtained by training the ridge regression classifier.
Step2: For each current frame, calculating the histogram of the HOG, LBP, and CN features, the normalized histogram p hog , p lbp , p cn ,p hog ,p lbp ,p cn , and the variance of each histogram:σ 2 hog , σ 2 lbp , and σ 2 cn respectively. At the same time, the fusion feature h is calculated according to formulas (2) and (1).
Step3: The fusion features are performed kernel correlation calculations with the filter model, so its maximum output response is the prediction position of the target to be tracked in current frame.
Step4: Performing multi-scale sampling on the prediction target region, adjusting the sample size by bilinear interpolation, updating the filter template according to formulas (4) . Meanwhile, the fusion feature of the pre-frame h is substituted into the filter kernel function to realize the KCF filter model update.
Step5: Passing the filter model to the next frame, and repeating step 2 to step 5 at above.
III. RESULTS AND DISCUSSION
In order to verify the effectiveness of our proposed algorithm, we have conducted comparative experiments with the MF algorithm which combines CN and HOG features, KCF algorithm which only uses HOG feature and KCF algorithm which only uses CN feature on above subsets of OTB-2015.We selected 50 video data sets from the five subsets of the OTB-2015(in turn namely Crossing, Tiger2, Blot, Socker and Skating1)for comparison experiments. The five subsets represent several complex scenes, such as the target scale changing, illumination changing, target fast moving, complex background, and target deformation. The experimental results are as follows respectively:
As shown in Fig.1 , when the scale of the target is significant changing from the 80Th frame to the 111Th frame, our proposed algorithm always has the highest tracking accuracy than others. 
B. ILLUMINATION CHANGING
Tracking on the tiger2 subsets, only our proposed algorithm and the Struck can still successfully track the target when the illumination is changing. As shown in Fig. 2 .
C. TARGET FAST MOVING
Tracking on the Blot subsets, when the target is moving quickly, only our proposed algorithm can still effectively track. As shown in Fig. 3 :
Tracking on the Soccer subsets, when the color of target is similar to the color of background from 50Th frame, 64Th frame to 77Th frame, only our proposed algorithm and the TLD can still track the target successfully. As shown in Fig. 4 . 
E. TARGET DEFORMATION
Tracking on the skating1 subsets, when the shape of the target has deformed as show in 78Th frame, only our proposed algorithm and SCM algorithm can still track the target successfully. As shown in Fig. 5 .
F. COMPARISON OF ACCURACY RATE AND SUCCESS RATE
The tracking average success rate and precision of them are plotted according to the rising of overlap threshold and local error threshold of the target in every frame as shown in Fig.6 . It is found that the average success rate and precision of our algorithm are 24.74 % and 8 % higher than that of KCF algorithm respectively, and superior to others obviously.
In order to verify the effectiveness of our proposed algorithm, it is compared with the ranked top 10 tracking algorithms on OTB2015 data sets respectively. Fig.7 shows that the result of our proposed algorithm is obviously superior to others. We also have compared our proposed algorithm with the ranked top 10 tracking algorithms on UAV123, LaSOT data sets respectively. UAV123 data sets includes 123 sequences with the average sequence length of 915 frames. Besides the recent trackers in [24] - [26] , ECO [27] , ECO-HC [29] , DaSiamRPN [27] , SiamRPN [28] , the ranked top 10 tracking algorithms are added on a comparison. Fig.8 illustrates the success and precision plots of the compared trackers. Specifically, our proposed algorithm achieves a success score of 0.624, which outperforms DaSiamRPN (0.586) and ECO (0.525) with a large margin.
The LaSOT data sets provides large-scale, high-quality, intensive annotations with 1,400 videos and 280 videos in the test set. Figure.9 reports the overall performance of proposed FIGURE 8. The tracking success rate and precision of our proposed algorithm compared to others ranked top 10 on UAV123.
FIGURE 9.
The tracking success rate and precision of our proposed algorithm compared to others ranked top 10 on LaSOT.
algorithm on the LaSOT test set. Obviously, our proposed algorithm also has a significantly higher success rate and precision score than others on LaSOT data sets.
IV. CONCLUSION
In this paper, KCF target tracking algorithm is improved by adaptive feature fusion. The algorithm makes the most of the illumination and rotation invariance of Local binary patterns (LBP) feature, the effective capability of extracting color and contour information from target by color Name (CN) feature and Histogram of Oriented Gradient (HOG) feature respectively. The multi-features linear weighted fusion rule is established by calculating the HOG, LBP and CN histograms of the current frame, and calculating the weighted fusion coefficients of the normalized histograms according to the variance of each histogram adaptively. On this basis, multi-scale sampling is used in the target areas and bilinear interpolation is used to adjust the sample size, which can improve the tracking robustness of KCF algorithm to adapt to the target scale. The comparison experimental results of 50 video data sets in OTB-2015 show that the average success rate and precision of the proposed algorithm are 24.74 % and 8 % higher than that of KCF tracking algorithm respectively, and also significantly better than other tracking algorithms ranked top 10 in OTB-2015, UAV123 and LaSOT data sets respectively. Therefore, it can be proved that the proposed algorithm has better robustness.
